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The assessment oflong-term efects ofairpollution in humans relies on epidemiologic studies. A
widely used design consists ofcros-sectional or cohort studies in which ecologic a n of
exposure, based on a fixed-site ambient monitor, isemployed. Alhough health outcome'an usu-
allyalarge numberofcovarates aremeasured in individuals, these studies areofiencalledecolog-
ical. We will inrdu the term semi-individual design for these studies. We review the major
properties andlimittiowithregadxto caus inrence oftr ecologic stuies, in Which out-
come, exposure, and c iatesaavailable on an egate level only. Mislassificationproblems
and issues related to unding ant model spedflcatio ntrulyecologic studies limitetiologic
inference to individuals. In contrast, the semi-individual study shares its methodological and
inferential propeties th typical individual-level studydesigns. The major caveat relates to the
casewhere toofewstudyarea, eg o orthree, are used,which renderconl ofaggregate kvel
confounding imposble. The issue ofexposure sifion is ofgenera concern in epidemi-
ology and not an exdusive problem ofthe semi-individual design. In a multicenter setting, the
semi-individual study is avaluable tool to approachlong-tn effects ofair-pollution. Knowledge
about the.error s oftheecologicaly assignedexposure allows considertion ofthe impact
of ecologically asign exposre oni effect estimation. Semi-individu studies, individual
level air pollution udies with ecologic exposure assignment, more readilypermit valid inference
to individuals and should not be lbeed as ecologic studies. Iey work air pollution, cross-sec-
tional y,ecologicfallacy, studydesign.
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A major purpose of epidemiologic research
is the identification of health-comprising
risk factors or exposures; such identification
is a prerequisite for scientifically based pub-
lic health policy and preventive action.
Although epidemiologic methods are
unable to assess directly biologic causal
mechanisms, epidemiology nevertheless
intends to establish causal relationships.
When epidemiologic causal inference is
applied to public health practice, the con-
cept ofa cause may not have the mechanis-
tic quality of a cause in natural sciences. A
cause in the field of public health may be
social status, family disease history, nutri-
tional habits, living in some mixture of
(source related) air pollution, or smoking
cigarettes. In this context, cause is action
oriented and may be efficiently prevented
well before any specific knowledge about
the pathophysiologic mechanisms ofdisease
induction or phenotypic disease expression
is available. Examples of the successful his-
tory and application of epidemiology are
the closing ofthe Broad Street Pump in the
last century (1) to prevent cholera or the
proof that smoking is a strong risk factor
for a variety of diseases. According to this
concept of cause, epidemiologic science
may use indicator measures for the true
unknown (biologic) cause. For example,
Snow (1) used the water company as an
indicator of the unknown causative agent,
and Doll and Hill (2) used the number of
cigarettes smoked-rather than any specif-
ic agent out of the complex toxic mixture
of smoke-as a suitable proxy measure.
This concept is particularly useful in the
assessment ofeffects ofcomplex causal fac-
tors such as mixtures ofambient air pollu-
tants. Accordingly, the assessment of
health effects ofnormal air pollution heavi-
ly relies on epidemiologic studies. In fact,
in terms oflong-term impact, epidemiolo-
gy may be the only scientific approach to
elucidate the causal effects.
Given that epidemiologic studies evalu-
ate causality only indirectly through proxy
exposures ofvarying specificity, it is impor-
tant to have guidelines to infer causality
based on epidemiologic studies. Similar to
the traditional criteria of causality applied
to the investigation of infectious agents
(3), Hill (4) formulated such guidelines for
epidemiology, namely as applied to cancer
risk factors. With some modifications (5),
this reasoning also applies to air pollution
epidemiology. A major step in the process
to assess causality relates to reviewing avail-
able studies and to select useful, i.e., etio-
logically valid, studies. In this step, epi-
demiologists usually apply some ranking of
validity, with randomized trials being con-
sidered the best method and case studies or
anecdotes having little value for etiologic
inference (see Table 1). Depending on
study content, the ranking order given in
Table 1 may be different. In general, how-
ever, ecologic studies rank very low in this
hierarchy.
Unfortunately, terminology in epidemi-
ology is often used rather loosely (6).
Although ecologic studies are considered to
be oflittle use for etiologic inference, rather
heterogeneous types of study designs are
often labeled as ecologic. This is also the
case in air pollution epidemiology. Given
the policy and public health importance of
the controversial question of causal infer-
ence from epidemiologic studies that assess
the impact ofnormal ambient air pollution,
this paper will 1) clarify the definition of
truly ecologic studies; 2) introduce and
define the term semi-individual study for a
widely used type ofair pollution study; and
3) dicuss and compare major issues of the
validity of both study designs. The intro-
duction ofa distinctive study design term is
warranted, given the strong difference with
regard to the inferential power of the two
types ofstudies.
Levels of Variable
Measurement
A major tool in epidemiological research
consists ofthe measurement ofa large set of
variables to be used in analytic models.
These variables may be categorized as
dependent or outcome variables, indepen-
dent exposure variables, and independent
covariates, which represent confounding and
effect-modifying factors that bias or modify
the association between exposure and out-
come. The availability of accurate measure-
ments for all variables is a prerequisite for a
valid study. Two levels of measurement of
these variables have to be distinguished, and
all variables, within one single study, may be
measured on either one or both levels: 1)
individual level, and 2) aggregate or ecologi-
cal level. This concept is a simplification to
the extent that individuals are perceived as
the smallest unit and aggregation happens
across these smallest units (7). From an eti-
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ologic perspective, the definition of the
smallest unit is arbitrary; subjects may be
considered an aggregation oforgans, which
are an aggregation of cells, which, in turn,
may be subdivided in functional units of
cells, etc. (7). The concept is helpful, how-
ever, and has a direct correlate in public
health and preventive policy aimed at dis-
ease prevention.
Table 2 illustrates the major measure-
ment level combinations across all three
categories ofvariables used in epidemiolog-
ic studies, namely the exposure, outcome,
and covariates.
Table 2 is an extension ofthe table pre-
sented by Susser (8), who did not include
covariates. Accordingly, cells 1 and 4 can
be considered unmixed (outcome and
exposure), whereas the other two cells
describe studies in which the levels ofmea-
surement ofvariables are mixed.
The usual purpose of causal epidemio-
logic studies relates to the enhancement of
the understanding of risk factors for mor-
bidity or mortality in individuals. For the
purpose ofetiologic inference on the indi-
vidual level, it is usually assumed that at
least outcome and exposure are measured
on the individual level (cell 4), and there is
little controversy about the general validity
of this concept as applied in individual-
level studies. The other three cells, 1-3, are
not identified by clearly distinct terms to
describe study designs; these cells might
often be called ecological, whereas only cell
1 is ecologic in the classical sense, with all
variables being measured at the group level.
The assessment of long-term health effects
of ambient air pollution cannot solely rely
on purely individual-level studies (cell 4)
because it is not feasible to obtain individ-
ual lifetime exposure histories by direct
measurement. As a consequence, most such
studies are mixed study designs (cell 3) in
which exposure is assigned at the group
level-most frequently based on a central
ambient monitor (9-13). The question, in
terms ofetiologic inference, is whether this
mixed study design provides a stronger
basis for individual inference than does a
truly ecological study.
The Truly Ecologic Study
Design
Studies based on group measures for all vari-
ables (cell 1) are unambiguously 'defined as
ecological studies. Accordingly, in A
Dictionary ofEpidemiology by Last (6), the
ecologic study is defined as "astudy in which
the units of analyses are populations or
groups of people, rather than individuals."
The primary reason for such studies is not
the mere interest in effects ofcontextual, eco-
logic variables but rather the unavailability of
Table 1. Validity for etiologic inference according
to study designs
Validity ranking Types of study design
Highest Randomized clinical trial
Prospective cohort study
Retrospective cohort study
Nested case-control study
Time-series analysis
Cross-sectional study
Ecologic study
Cluster analysis
a Case study
Lowest Anecdote
individual level data. Based on aggregated or
grouped data, ecologic correlation or regres-
sion coefficients may be derived, which in
turn maybe expressed as relative risk (14). A
typical truly ecologic study may compare
morbidity or mortality rates, considered as
health outcome, across different communi-
ties or populations. The analysis might assess
associations of these rates with an ecologic
exposure measure such as the prevalence of
some riskfactor, e.g., the smokingprevalence
amongthese populations.
This basic concept ofecological studies
is generally used in all major epidemiology
textbooks, which usually refer at the same
time to the ecologic fallacy as a major con-
cern (15). The ecologic fallacy is defined as
a type-or rather a family-of biases, i.e.,
aggregation bias or ecologic bias, to which
the ecologic study is considered to be
uniquely prone. The fallacy (bias) stems
from making inferences on individual risks
based on group-level associations, which is
in fact (as shown below) an inadequate
basis for such inference. These studies usu-
ally are said to be of interest only in the
generation of hypotheses (16-18). The
major limitations of this design were
described nearly half a century ago by
Robinson (15) who introduced the con-
cept of ecologic fallacy. However, impor-
tant properties of this design have been
characterized only relatively recently
(19-22); important details, which were not
addressed in earlier publications, have been
identified (23-26) and must be considered
in judgments about the validity of purely
ecological studies with regard to etiologic
inference at the level ofindividuals.
The Semi-individual Air
Pollution Study
Although several important ecological stud-
ies have been carried out to evaluate the
health effects of long-term exposure to
ambient air pollutants, the bulk of more
recent studies involves cross-sectional studies
in which health and functional outcomes in
individuals are compared across regions,
with the same exposure being assigned to all
Table 2. Level of measuring exposure, outcome,
and covariate variables
Measurement
level of Exposure x(and covariates C)
outcome Y Ecologic Individual
{1} {2}
Xec Yec Cec Xin Yec Cec
Ecologic (orxin Yec cin)
{3} {4}
Xec YinCec Xin Yin Cin
Individual (orXecyin~cmn) (orxi yi Cec)
Abbreviations: ec, ecologic; in, individual.
individuals within a region. In some cases,
cross-sectional evaluations are supplemented
by longitudinal follow-up (91, but exposure
assignment remains at the group level at all
times. These studies are not characterized by
cell 1 (truly ecologic studies) nor cell 4
(purely individual-level studies) presented in
Table 2, i.e., they do not fit the trulyecolog-
ic design; we define these types of study as
semi-individual studies.
In a semi-individual design, a broad
range ofindividual level data is available for
all subjects. Questionnaire data and exten-
sive measurements, such as lung function or
other objective assessments, are usually
obtained. Issues that relate to measurements
ofhealth outcome and covariates are identi-
cal to the usual individual-level design.
It is not possible, however, to measure
individual dose ofair pollutants received at
the target organ nor is it even feasible to
measure personal exposure to concentra-
tions ofpollutants over long periods. Thus,
pollutant-specific exposure is assigned on
an ecologic level, with the use ofdata from
a fixed site monitor located within some
acceptable distance to the study popula-
tion. Therefore, all subjects living around a
monitor receive the same value ofexposure.
In contrast to the true situation at the indi-
vidual level, within-region variability of
exposure cannot be captured with this
approach. Adequate ranges ofexposure are
therefore determined by the selection of
people from several different areas.
Inferential Validity of Truly
Ecological and Semi-individ-
ual Studies
The two study designs have inherently dif-
ferent properties with regard to inferential
validity. In the context ofthis discussion, let
us assume that the strongest inference in air
pollution epidemiology targets individuals;
thus, the final aim of ecological and semi-
indiviudal studies, similar to other designs,
may be the understanding ofexposure-out-
come associations on an individual level
rather than on the group level. This restric-
tion is reasonable and corresponds to the
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typical situation of many ecologic studies
that are undertaken as surrogate versions of
individual-level studies (16).
Confounding. In individual-level stud-
ies, a variable must be a risk factor for the
outcome and also must be independently
associated with the exposure of interest in
order to induce confounding (16). Thus,
only risk factors of the health outcome
under investigation may potentially con-
found results. Accordingly, the availability
of measurements of these other risk fac-
tors-or some proxy measure-allow statis-
tical control or at least reduction ofpoten-
tial confounding. Covariates may confound
results in either direction; therefore, multi-
variate adjustment minimizes both spurious
associations of exposure and outcome and
false negative results. It is crucial, therefore,
to measure as many relevant secondary risk
factors as possible and to include their
assessment in the study design. This is par-
ticularly important in environmental epi-
demiologywhere relative risk estimates over
the observed range of exposure tend to be
small, i.e., close to or below 2.0 (27).
Hence, uncontrolled confounding, especial-
ly by factors with large effects on the out-
come, would have more relevance for the
occurrence of false negative or spurious
results. Due to the requirement that a con-
founder be a risk factor, the issue ofpoten-
tial confounding is predictable from state-
of-the-art knowledge. In general, and main-
ly in the situation where only few risk fac-
tors of some outcome have been estab-
lished, it can be estimated how strongly
some other unknown risk factorwould have
to be to produce a spurious exposure-out-
come association (28,29).
In truly ecological studies, however, the
situation ofconfounding is rather different.
In an ecological design, the true individual-
level exposure-outcome association may be
distorted not only by some uncontrolled
other risk factor ofthe outcome but by any
other covariate (19). More specifically, any
factor that is directly or indirectly related to
the grouping process may act as con-
founder. As a consequence, and in contrast
to the individual-level study, no a priori
statement about the effect ofpotential con-
founders can be made in an ecological
study. This results in an unpredictable situ-
ation in the ecological design compared to
the individual-level study, where subject
matter knowledge permits the minimization
ofsources ofconfounding. This problem of
a virtually unlimited number of potential
confounders stands in contrast to the limit-
ed availability of measured group-level
covariates and the lack ofdata on factors on
the individual level that may have con-
founded the grouping in ecologic studies.
For example, a recent truly ecological study
used land-use patterns in 104 electoral
wards as proxy measure for industrial air
pollution and correlated these patterns with
standardized mortality data (SMR) (30).
Ward-level social indicators were the only
factors for which the authors could control,
and confounding could not be adequately
addressed.
Furthermore, there is no symmetry
between ecologic and individual-level stud-
ies with regard to confounding: a true
uncontrolled risk factor may indeed con-
found an individual-level analysis but may
have no impact on the ecologic estimate, or
vice versa (23). In other words, whatever
information one might have about expo-
sure-outcome-confounder associations on
an individual level, i.e., true etiologic path-
ways, will not enhance the judgment about
potential confounders on the ecological
level.
In the semi-individual study, a broad
range ofindividually measured variables are
usually available; thus, confounding may
clearly be controlled. Statistical methods
have been established to deal adequately
with such a hybrid set of individual vari-
ables and ecologic exposure assignment
(31). These issues correspond much more
to the situation encountered in an individ-
ual-level study.
One might envision a semi-individual
study in which regional factors correlate in
unpredictable and potentially uncontrolable
ways with the area ofresidence. Ifthe areaof
residence is used to estimate exposure to
ambient air pollution, then confounding
may be present. For example, access to out-
door sport facilities and, as a consequence,
exposure to ambient air pollution may be
different in highly industrialized regions
compared to less developed areas. In a semi-
individual design with very few comparison
groups such as two- or three-site studies
(32,33), uncontrolled factors may have large
impact on the exposure-effect estimates.
However, in a semi-individual study,
increase ofthe number ofstudy sites reduces
this problem (31) because it is less likely that
some unmeasured factor covaries with the
group-level exposure across the entire range
ofmultiple study sites. In contrast, in truly
ecologic studies, the increase in number of
groups does not completely resolve method-
ological limitations unless misclassification
ofexposure is minimal (20).
Misclassification ofexposure. One of
the most intriguing limitations of the eco-
logic design relates to misclassification of
variables, particularly nondifferential mis-
classification ofexposure (20,21,34).
Exposurevariables, aswith anyothervari-
ables, are subject to measurement errors in all
study designs. Ideally, exposure measurement
errors in an individual-level study will be a
random property of the assessment, i.e.,
uncorrelated to the true disease status or
level ofexposure. This situation is described
as nondifferential misclassification. In con-
trast to differential misclassification, in
which errors in exposure depend on disease
status or level of exposure, nondifferential
misclassification of exposure often elicits
predictable impact on effect estimation in
individual-level studies (16,35). For expo-
sures measured on a continuous scale (e.g.,
number ofcigarettes smoked), random error
in exposure often will yield an underesti-
mate ofthe true exposure-outcome associa-
tion, unless in some specific cases in which
continous data are converted into ordinal or
nominal categories, which may induce dif-
ferential misclassification despite random
errors in the original variable (36,37). In
most cases, however, nondifferential misclas-
sification has qualitatively predictable
implications on the effect estimation.
Furthermore, other studies or investigations
on a subgroup may indicate sensitivity and
specificity of some misspecified measure of
exposure. Such information may be suitable
to adjust the observed effects or to at least
estimate the degree and direction of distor-
tion due to the misclassification (38).
As demonstrated by Brenner et al. (20),
the situation described for individual-level
studies strongly diverges from the issues
encountered in truly ecologic studies. As an
empirical example, the authors used ecologic
(geographic) data to assess the effect size of
smokingon the riskofdyingdue to lungcan-
cer, a risk function well established from
many individual-level studies. The ecologic
outcome measures werelung cancer mortality
rates of 30 administrative districts in
Germanyin 1976-1980, whichwerecorrelat-
ed with the corresponding smoking preva-
lence assessed in 1976. In this example, the
ecologic fallacy applies ifwe were to use the
ecologic risk estimates ofsmoking on lung
cancer as theriskin individuals. Similar to the
individual-level study, it is obvious thatsmok-
ing prevalence is an exposure measure with
some degree of misclassification. Specificity
and sensitivity ofthis prevalence measure are
unknown and, in contrast to the individual-
level data, are not assessable. This is particu-
larly true for the prevalence of an exposure
measure that changes over time and is associ-
ated with an outcome with a long latency
period. Brenner et al. (20) show that cancer
relative risk estimates varygrosslyand depend
on the assumed sensitivity and specificity of
theexposure measure, i.e., thesmokingpreva-
lence within each district. Rate ratios for
smoking ranged from a meaningless negative
value of -20.3 up to 315, if sensitivity and
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specificity were varied between 0.8 and 1.0
[see Table 8 in Brenner et al., (20)]. In other
words, unless true assumptions were made for
sensitivity and specificity ofthe exposure das-
sification, the ecologic analyses did not even
adequately describe the direction ofthe rela-
tionship. As mentioned, these true values
remain largely undefined and, therefore, no
knowledge-based adjustment ofthe ecologic
effect estimate can be implemented. It is this
empirical presentation that makes the
strongest argument against the use ofpurely
ecologic studies in the process ofcausal infer-
ence. The point ofBrenner et al. (20) is rein-
forced by the paper ofRichardson et al. (39),
which shows that inference at the level ofthe
individual based on ecological studies can
onlybejudged aposteriori i.e., aftertheestab-
lishment of the individual-level cause-effect
association. Their work compares relative risk
estimates derived from ecologic and individ-
ual studies, with smoking as risk factor. The
authors demonstrate that ecological estimates
ofsmoking-related lung cancerriskaresimilar
to those derived from cohort studies.
However, ecological analyses substantially
overestimate bladder cancer risk, whereas eco-
logical estimates failed to capture any risk of
smokingforesophageal cancer(39).
The implications ofexposure misclassi-
fication in the semi-individual setting are
different from those summarized for purely
ecologic studies (20). Two important dif-
ferences are ofnote.
First, exposure measures in a truly eco-
logic study, e.g., smoking prevalence, are
bounded between 0 and 100%. The ecolog-
ic relative risk estimates implicitly consist of
extrapolations over the (usually unobserved)
total range ofexposure (14). In addition, as
mentioned above, sensitivity and specificity
ofthis exposure measure are crucial sources
of uncontrollable bias. In contrast, semi-
individual air pollution studies use exposure
values measured on a continuous, unbound-
ed scale. It is not sensitivity/specificity that
must be considered as sources of bias but
rather the degree of exposure misclassifica-
tion of individuals on this continuous scale
around the group mean level ofexposure.
Second, in air pollution epidemiology,
geographic grouping may be considered as
grouping according to the exposure, X As
shown by Langbein and Lichtman (24),
cross-level bias may be prevented if the
grouping process is based on X
In the semi-individual study, the
impact of exposure misclassification
depends on the error structure; there is no
conceptual difference compared to the
individual-level study in which exposure
may always be measured with some error.
The semi-individual design may follow a
Berkson' type error structure where
X=Z+E
with Xbeing the true (unknown) personal
exposure and Z the ecologically assigned
value (i.e., the group mean concentration
from a fixed monitor), assuming the error
term Eto be independent ofZ with mean
zero and constant variance (40). In this
case, in a bivariate model, no bias occurs in
the regression coefficient ofgroup data.
On the other hand, ifthe surrogate mea-
sure Z is assumed to reflect the true
(unknown) individual exposure X, with
some random error E (independent of X,
with mean zero and constant variance), the
error structure is referred to as dassical error:
Z=X+E
In this case, the exposure-effect estimates
in a bivariate, individual-level model always
will be biased toward the null value. In
other words, true effects will be underesti-
mated. Thus, the direction of the bias is
predictable, and the effect estimates from
the semi-individual study remains inter-
pretable. This predictablity is in strong
contrast to the properties ofa truly ecologic
study noted above.
It must be emphasized that predictabili-
ty ofbias holds only ifthe error structure is
in fact classical (41). As shown formally by
Wacholder (40), bias could be quite
unpredictable under a more general error
structure than those described as classical
and the Berkson-type. Wacholder (40)
presents the range ofbias to be expected in
relation to the correlation of the measure-
ment error with the true and proxy mea-
sure of exposure. Thus, the question arises
whether the assumption of Berkson-error
or classic error may hold in the situation of
multicenter, cross-sectional air pollution
studies. In a pilot study on long-term
effects of lifetime ozone exposure on pul-
monary flow measures (42), we assessed
both an ecologic ambient concentration
and an effective exposure measure, which
also considered personal time-activity
information. Based on this exposure esti-
mate, we concluded that the effect esti-
mates for ozone on measures oflung func-
tion remained unchanged whether we used
the lifetime ecologic exposure value or the
effective exposure. The latter measure is
considered to be doser to the true individ-
ual exposure. Other studies suggest that the
semi-individual design results in underesti-
mations ofthe effects ofair pollution. In a
simulation study, Navidi and Lurman (43)
formally showed that proxy measures of
exposure (fixed site monitor data, microen-
vironmental exposure assignment, and per-
sonal exposure sampling) gave smaller
effect estimates than those based on true
exposure. There is indirect evidence from
epidemiologic studies to support these
observations. Ostro et al. (44) reported
that the estimated effect of particle acidity
on occurrence of cough increased by 43%
when time-activity data were used to
adjust the ecological exposure estimate.
Similarly, Neas et al. (45) observed larger
acute effects of ambient ozone on peak
flow if concentrations were weighted by
time spent outdoors. In the Seventh Day
Adventist Study, risk estimates of particu-
late matter increased after accounting for
hours spent indoors (46).
Regression coefient(Ii)andcorrelation
coefficient (p) estimates. The between-group
slope, 3, of the aggregate exposure X [e.g.,
the smoking prevalence of different cities
(20), or the percent industrial land use in
electoral wards (30)] on the aggregate out-
come Y[e.g., the lung cancer mortality rates
(20) or the SMR (30)] reflects the true
(individual) relationship between x and y,
i.e., the within-group slope w, only ifthere
are no group effects (5e) present. Otherwise,
P is a weighted average ofboth the between-
group effects and the true within-group Ow
i.e., the individual-level effects of smoking
on riskoflung cancer (25). In the usual situ-
ation of an ecologic study, w is unknown
and 13e cannot be specified. The ecologic fal-
lacy or cross-level bias occurs if[ is taken as
an estimate of w, despite the presence of
grouping effects (i.e., PBe # 0). Neither direc-
tion nor size ofthe distortion ofP from the
true estimate w can be predicted. Unless
effects of the grouping process are clearly
defined for other covariates, the distortion
cannot be controlled.
Although the situation is similar for the
correlation coefficient p, this statistic has
the additional disadvantage of being dis-
torted even if no group effects are present;
therefore, they are usually considered to be
inadequate statistics in ecologic studies.
Modelspecification. In a purelyecolog-
ic setting, the options for model specifica-
tion are limited with regard to the func-
tional form ofan association and are prone
to model specification bias (22). The eco-
logic theorem implies that the ecologic
relation is linear if individual-level disease
rates follow a linear relationship across
exposure, X, and covariate levels, C. The
additivity, however, may be inadequate on
the individual level and/or important
covariate data may not be available at the
ecologic level; therefore, group level esti-
mates are subject to undefined errors (22).
As Greenland (22) states, none ofthe prob-
lems of the ecologic theorem are strictly
specific to ecologic studies, but implica-
tions for bias are different.
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Finally, it often may be the case that
the ecologic averages of exposure, X, and
covariates, C, may be adjusted averages that
are based on different and often unknown
standardization procedures (47). For
example, one may use published smoking
prevalence of different countries as an eco-
logic exposure measure, which might be an
adjusted prevalence. The weights used for
the adjustments may differ across countries,
and detailed information regarding the dis-
tribution ofweighted factors used in adjust-
ment may be unknown. Lack ofa common
standardization is a further source ofbias in
ecological studies that has no counterpart in
indivdiual-level studies (47).
The major limitations ofpurely ecolog-
ic studies are summarized in Table 3. As
discussed by Greenland et al. (19), it is
only under rather rare conditions that no
ecologic bias occurs. This is the case only if
all of the following criteria are met: 1) the
background rate of the outcome, i.e.,
among unexposed, does not vary across
ecologic groups; 2) exposure effects do not
vary across groups; and 3) there is no con-
founding within groups (19).
Strategies have been proposed to mini-
mize the problems inherent in ecologic
studies that are used for individual level
inference, e.g., choosing smaller units of
analysis and increasing the number and
homogeneity (with regard to exposure and
covariates) of groups (23). Greenland (22)
has suggested the inclusion of geographic
areas with homogeneous within-area expo-
sure and a broad exposure distribution
across groups. He also has emphasized the
need to use comparably standardized vari-
ables. Regression coefficients, which are less
likely to be biased upward, should be
reported rather than correlation coefficients,
which have properties that make them more
unpredictable (25). Despite the application
of such strategies, unpredictable (in terms
ofdirection) bias maypersist in such studies
and limit their inferential value (25).
Conclusion
The crucial methodological problems of
purely ecologic studies are qualitatively and
quantitatively different from individual-
level studies (Table 3). The validity ofeco-
logic studies for individual-level causal
inference is strongly limited due to the
important issues raised above. The prob-
lems related to nondifferential exposure
misclassification may be considered the
strongest argument against the use of the
ecologic studies as an inferential tool.
On the other hand, the semi-individual
design, often applied in a cross-sectional set-
ting, shares mostly the same methodologic
properties as individual-level studies. The
problem ofexposure misclassification is sim-
ilar to that in individual-level studies, where
proxy measures ofexposure such as job title
are used. In contrast to the ecologic study,
the semi-individual study is based inherently
on individuals. Thus, one may deal efficient-
lywith methodological problems ofthe eco-
logic exposure assignment at the level of
study planning or analyses. Major options
are inclusion ofpersonal modifiers ofexpo-
sure, such as time-acitivity patterns, the
consideration of microenvironmental expo-
sure data, the use of samples of personal
exposure assessment, or appropriate multi-
level data modeling (31). Another design
approach may make efficient use of the
widespread networks of air monitoring sta-
tions in some geographical areas: subjects
may be selected from very large areas with
no a priori restriction on the number of
cities. In this case, the ecologic exposure val-
ues are assigned individually, using data
from the closest monitor station (48). Such
cross-sectional approaches may yield impor-
Table 3. Limits on causal inference in ecologic studies that do not applyto the semi-individual and individual-
level studies
Methodological concern Specific situation in truly ecologic studies
Confounding Anyvariable related to grouping process may confound, not only
riskfactors for outcome
Regression and Weighted average of between-group and individual-level effects
correlation coefficients Uncontrollable distortion
Model specification Source of undefined errors
Individual level function cannot be assessed
Limited number of(ecologic) modeling variables available
Available ecogologic variables may be adjusted to
different (unknown) standards
Misclassification Deleterious effects on measures of associations
Requires unavailable estimates of specificity/sensitivity of
ecologic exposure measures
Direction and size of bias unpredictable
alssues are qualitatively and quantitatively different from same concerns encountered in semi-individual
and individual-level studies.
tant scientific insights, and we suggest that,
in the field of air pollution epidemiology,
the cohort design may not be, by default, a
uniformlysuperior method (4_9.
In summary, the strong inferential limi-
tations of ecologic studies do not apply to
the semi-individual multisite design, with
an exposure measured on an unbounded
continuous scale. In terms of crucial
methodological problems that relate direct-
ly to validity and inference, ecologic and
semi-individual studies should, therefore,
be regarded as different entities. The infer-
ential properties of semi-individual studies
do not fundamentally differ from those of
individual-level studies, and it is a miscon-
ception to criticize semi-individual air pol-
lution studies on the base of problems
encountered in truly ecologic studies.
Given the widespread and well-sup-
ported criticism against individual infer-
ence from truly ecologic studies, it is
appropriate to use a distinct terminology
for the valuable semi-individual study
design, which is widely and efficiently used
in air pollution epidemiology.
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